S1 Introduction
This document consists of four sections containing supplementary information and materials about the study area (Section S2); ground-based and remotely sensed data (Section S3); methods used for data processing (Section S4); and re-100 sults (Section S5).
S2 Study area

S2.1 Droughts in southeastern Brazil
Drought events in the Paraná Basin (PB) have great impacts not only on human water supply but can also compromise crop production and hydropower generation (Helmer According to Coelho et al. (2015b) , the 2014 drought originated from anomalous rainfall in Northern Australia, which resulted in a sequence of events that connected the tropi-25 cal and extratropical regions of the Pacific Ocean until it reached southeast Brazil. These events caused an anomalous high pressure system over the Atlantic, forcing an oceanic trajectory of the frontal systems and the humidity from Amazon to migrate to Southern Brazil, which prevented the for-30 mation of precipitation events in the South Atlantic Convergence Zone (Coelho et al., 2015b) . Coutinho et al. (2015) analyzed the regime shifts in the reservoirs of the Cantareira system caused by droughts. Based on the relation between rainfall and water storage in the reservoirs, they built a math-35 ematical model and showed that the mechanism that controls the reservoir dynamics has changed. Getirana (2015) used remotely sensed TWS anomaly (TWSA) data from GRACE to detect and quantify the impacts of the 2014 drought over southeastern and northeastern Brazil. According to his anal- ) occurred over the Southeastern Brazil as a result of lower-than-usual rainfall rates.
S2.2 Hydroelectric generation
Hydroelectric plants (HEP) produce ∼ 65 % of all electricity . In 2012, these plants generated 200 TWh ( Fig. S1 ) but 55 since 2013 the production has decreased, although the demand in the SE/MW region continued to increase (Fig. S1 ).
S2.3 Water demand
The Paraná basin hydrographic region (PB) has ∼ 30 % of Brazilian population. Historic data published by Brazil-60 ian Water Agency (ANA -Agência Nacional de Águas) shows that the water demand for human supply in 2005 was 2.85 km 3 yr
and is expected to reach 3.8 km 3 yr −1
in 2025 (Table S1 ). As shown in Fig. 1 of the manuscript, the PB encompasses areas of seven Brazilian states, two of which (Sã 65 Paulo and Minas Gerais) account for ∼ 90 % (835, 000 km 2 ) of the SE region and have ∼ 77 % (65 million people) of the region's population. The water supply in the SE region is composed 47 % of surficial water bodies, 39 % from groundwater and 14 % from mixed (groundwater + surface water) 70 sources (ANA, 2006) . The total irrigated area inside PB is ∼ 530, 000 ha, corresponding to ∼ 45 % of all irrigation in Brazil. The irrigated area inside PB accounts for ∼ 1 % of the basin.
The Paraná hydrographic region is composed by the fol-75 lowing sub-basins: Paranaíba, Paraná, Tietê, Paranapanema, Iguaçu and Rio Grande basin (Fig S2) . According to the Brazilian National Water Agency (ANA -Agência Nacional de Águas) the total surface water delivery ( Q del ) is 15 km 3 yr −1 (ANA, 2006) . The demand in the Tietê subbasin corresponded to ∼ 50 %, most of which is for urban and industrial uses (∼ 40 % of Q del ) (Fig S2a) . In Brazil, surface water availability is often assessed by means of Q 95 discharge, that is, the discharge equaled or exceeded for 95 % of the time. The ratio between delivered discharge (Q del ) and Q 95 indicates how stressed the surface water resources are. The most critical situation occurs in the Tietê sub-basin, The 37 reservoirs analyzed in this study are listed in Table S2, along with their geographical coordinates, Brazilian state where they are located, surface area and storage capac-ity (volume). Daily data of inflow, water level and storage of 50 reservoirs were downloaded from the Brazilian Water Agency (ANA -Agência Nacional de Águas) web site for the period Jan 1995 -Jun 2015. The data can be accessed from http://sar.ana.gov.br/MedicaoSIN (last access in 45 10 Dec 2015). After a screening process, only 37 reservoirs were considered for analysis. Among the remaining reservoirs, only eight had gaps in the time series: Billings (30 %), Funil (18 %), Jaguari (18 %), Paraibuna (18 %), Tres Marias (17 %), Miranda (15 %), Cachoeira Dourada (9 %) and Co-50 rumba I (9 %).
S3.2 Global Land and Data Assimilation System -GLDAS
The Global Land Data Assimilation System is a global, high resolution modelling system (of the Earth land surface) that 55 combines satellite and ground-based observations to constrain the modelled land surface by Land Surface Models (LSM) (Rodell et al., 2004) . The LSMs used by GLDAS include the Common Land Model (CLM) (Dai et al., 2003) , NOAH (Chen et al., 1996; Ek et al., 2003) ; the Variable Infil-60 tration Capacity (VIC) model (Liang et al., 1994) and MO-SAIC (Koster and Suarez, 1996) . GLDAS outputs and forcing data are available in GRIB and NETCDF formats from http://mirador.gsfc.nasa.gov/. GLDAS uses four land surface and several atmospheric 65 forcing datasets to produce the outputs from these LSMs at 1
• and 0.25
• (for NOAH) horizontal resolutions and 3-hourly or monthly time resolutions for the period from 1979 to present (GLDAS 1.0) and from 1948 to 2010 (GLDAS 2.0). The land surface datasets consist of high resolution vegeta-70 tion classification maps (1 km), soils database (5'), elevation database (30') and Leaf Area Index map (1 km) (Rodell et al., 2004) . Some examples of atmospheric forcing datasets used by GLDAS are the National Centers for Environmental Prediction's (NCEP) Global Data Assimilation System (GDAS) 75 meteorological data (Derber et al., 1991) and National Aeronautics and Space Administration's (NASA) Goddard Space Flight Center (GSFC) Tropical Rainfall Measuring Mission (TRMM) 3B42V6 rainfall data product (Huffman et al., 2007) .
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The data is available for both the first version (GLDAS 1.0) and that released in 2013 (GLDAS 2.0). The main difference between these versions is the forcing datasets. In the first version, the forcing data is a (non-overlapping) combination multiple data sets whereas GLDAS 2.0 uses the Global 85 Meteorological Forcing Dataset from Princeton University (Sheffield et al., 2006) . A newer version (GLDAS 2.1) is expected to be released in a near future. Given the time period considered in this study, only the data from GLDAS 1.0 were used. The outputs from NOAH were averaged to a 1
• grid to 90 match the grid of the other LSMs. Runoff and soil moisture time series simulated by all four LSMs were extracted and averaged over the contributing basin of each reservoir, excluding the contributing area of up-stream reservoirs, when present. satellite were used. The MOD16 algorithm (Mu et al., 2007 combines information of land cover, albedo LAI (Leaf Area Index), EVI (Enhenced Vegetation Index) retrieved from MODIS with daily meteorological reanalysis data from NASA's Global Modelling and Assimilation Office (GMAO) 10 to derive 8-day ET based on Penman-Monteith equation in a regular 1 km-horizontal resolution grid. MOD16 is an improved version of the previous ET algorithm developed by (Mu et al., 2007) in which the following improvements are highlighted by : (i) simplification of the veg-15 etation cover fraction calculation; (ii) ET is calculated as the sum of daytime and nighttime components; (iii) a soil heat flux calculation was added; (iv) improved estimates of stomatal conductance, aerodynamic and boundary layer resistances; (v) separation between dry and wet canopy sur-20 faces; and (vi) creation of moist and saturated wet surfaces from the previous single soil surface. The algorithm was validated by comparing global ET estimates against measurements from 46 eddy flux towers, being found mean absolute bias of daily ET of ∼ 0.33 mm day −1 . A regional evaluation inside Paraná basin of MOD16 ET estimates (ET MOD ) was reported by 5 Ruhoff et al. (2013) . Their analysis comprised a local and regional scale comparison between the remotely sensed energy fluxes and that derived from eddy covariance measurements and from a hydrological model (MGB-IPH). The flux towers are located at two sites within the Rio Grande basin in 10 areas of sugar cane and pasture, respectively. Their findings show a good correlation (∼ 0.8) between the 8-day averaged ET MOD and flux tower data. However, the annual ET at local scale was ∼ 20 % overestimated by MOD16 in the pasture area and, at basin scale, the average annual ET from MOD16 15 was ∼ 20 % lower than those derived from the MGB-IPH model (Ruhoff et al., 2013) .
S3.4 GRACE data
The GRACE-based monthly time variable gravity (TVG) fields used in this study are the latest release (RL05), gen-20 erated as spherical harmonic (SH) Stokes coefficients up to degree and order 60 released by the Center of Space Research (CSR) of the University of Texas at Austin. The time span considered is from 04/2002 through 04/2015. Numerical model-based atmospheric and oceanic mass redistribution 25 and tidal effects were removed for de-aliasing prior to analysis. Anomalous fields in SH format were obtained by removing a static field (GGM05S), thus GRACE TVG over land should reflect primarily changes in TWS, and other unmodeled geophysical signals such as postglacial rebound (PGR) or tectonic mass transports.
GRACE TVG fields are plagued with strong noises, presenting North-South stripe and increased errors in high degree and order SH coefficients. Following filtering method adopted by Zhang et al. (2015) , we use the de-correlation filter Swenson and Wahr (2006) to suppress stripes and fan filter with (Zhang et al., 2009 ) spatial resolution of 250 km to work on noises. The degree 2 order 0 (C20) coefficient is replaced by higher quality satellite laser ranging solutions (Cheng et al., 2011) . The PGR effect is removed using model 15 outputs further (A et al., 2012) . Filtered monthly TVG fields in SH format are converted to gridded 1
• × 1
• solutions to match outputs from land surface models spatially.
S4 Methods
S4.1 Test statistics 20
The non-parametric Mann-Whitney U-test (Mann and Whitney, 1947 ) is a common alternative to the parametric Student's t-test for testing whether two independent samples, X and Y, come from the same population. It is equivalent to the Wilcoxon rank-sum test or Wilcoxon-Mann-Whitney rank-25 sum test and consists of calculating the statistic U (Eq. 1), which is the number of times an element y precedes an element x when X and Y are sorted in ascending order.
Where U S is the lesser of U X and U Y , W is the sum of the ranks in each sample, N S is size of sample S (X or Y). If the null hypothesis (H 0 ) that the two samples come from the same population is rejected, it means that X and Y are statistically different from each other. Here, X represents the reservoir(s) mean storage at various time scales for each wa-
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ter year (WY) tested and Y is the mean monthly storage for the entire period less the tested one. We tested H 0 using the seasonal mean (March-April-May) at 5 % significance level.
S4.2 Trend analysis -Mann-Kendall
As noted by Cox and Stuart (1955) , time series with pos-
40
itive serial correlation (such as most of hydrological variables) may increase the chance of trend detection even in the absence of a real trend. To avoid that, the serial correlation should be removed (pre-whitening) prior to applying the test or the test should be modified to account for se-
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rial correlation (Hamed, 2008) . Although the first option has been widely adopted (Gao et al., 2011; Burn and Hag Elnur, 2002; Zhang et al., 2001) , it is not suitable if the time series is not a autoregressive model AR(1) such as the analyzed data here. In such cases, the pre-whitening process is insuf-50 ficient (Storch, 1999) . In other cases, pre-whitening cannot improved trend identification as it may weaken trend's magnitude (Sang et al., 2014) . Hence, we adopted the modified Mann-Kendall trend test for seasonal data with serial correlation proposed by (Hirsch and Slack, 1984) . The Kendall test statistic (S) is given by:
Where x i are the observations of the time series X; sng(x) = −1 if x j < x j ; sng(x) = 0 if x j = x j and sng(x) = 1 if x j > x j . The significance of the trend is tested 60 by comparing the test statistic Z S (Eq. ) with a certain significance level α (Kendall, 1975) .
Where, Var(S) is the variance of S. If |Z S | < Z α , no trend was detected. In the modified version, the test is performed 65 individually for each season (in this study, months) and H 0 is tested only if all seasons have the same direction.
S4.3 Drought indices
The Standardized Precipitation Index was selected as the meteorological drought index because it is probabilistic, its 70 implementation is relatively simple, and its interpretation is spatially invariant (Guttman, 1998) . SPI is a common choice for monitoring wetness and dry conditions over a region (Vicente-Serrano and López-Moreno, 2005; Fiorillo and Guadagno, 2009 ).
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SPI uses historical rainfall data to determine, at different timescales, the periods of positive and negative anomalies in rainfall based on the cumulative probability of rainfall occurrence over an area or at point (McKee et al., 1993) . The gamma probability function is frequently chosen for describ-80 ing the rainfall over an area (Teodoro et al., 2015) , hence it was used in this study for fitting the rainfall data relative to a 35-year time span .
The Streamflow Drought Index (SDI) (Nalbantis and Tsakiris, 2008) was used for characterizing hydrologic 85 drought events in the study area. This index is analogous to SPI in that it is computationally inexpensive, easy to implement, and reduces the drought characterization to a simple severity versus frequency relationship (Nalbantis and Tsakiris, 2008) . In addition, it is not data demanding as it re-90 quires only streamflow data. SDI is defined for each i-th hy-drological year and k-th reference period, with k=1 for SepJan, k=2 for Sep-Apr, k=3 for Sep-Jul and k=4 for Sep-Aug.
where
j=1 Q i,j is the cumulative streamflow volume, with i = 1, 2, ...; j = 1, 2, ...; k = 1, 2, 3, 4. V k and σ k 5 are the mean and standard deviation of the cumulative streamflow volumes.
There are several reservoirs along the mainstream which implies that the inflow to downstream reservoir is the combination of its own (exclusive) contributing basin (hereafter 10 named undisturbed basin -UB) to and the outflow from an upstream reservoir (UR). Thus, for most of the analyzed reservoirs, SDI does not reflect solely the natural drought condition but to which degree of drought condition the observed inflow is relative to. Discharge records from the dams 15 were available only after 1995-2015. A SDI calculated considering a longer time period (≥ 30 years) would better identify the events of hydrological drought. The reader should be aware that the results for SDI indicate the occurrence of dry periods relative to a 20-year window.
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S4.4 Cluster Analysis
Cluster analysis can be very useful for identifying distinct patterns among large samples. There are several techniques of data clustering in which distinct criteria are used to group the data, usually involving some type of similarity. An ap-25 proach commonly adopted to identify similar groups among hydrological time series (Brito Neto et al., 2015; Gong and Richman, 1995) is the hierarchical clustering; in which the similarities among elements is measured by a distance function (Bailey, 1994) . The distance between pairs of elements 30 (objects) will define the first clusters of the hierarchical tree (Fig S4) . Then, the distance between clusters is computed and new cluster of higher hierarchy are formed and so on until there are only two groups. The hierarchy of the clusters can be easily represented through a dendrogram (Fig.   35   S4 ), where the distance between objects (or clusters) is represented in the Y-axis.
Two decisions that need to be made to compute the clusters are: which distance function will be used and which linkage criterion. In this study, Ward's method (Ward, 1963 ) was 40 selected as linkage criterion. This method uses a minimum variance algorithm to compute inner squared distance between two objects (a, b) (Eq. 5) (Ward, 1963) . Among the distance functions available in Matlab, one popular choice that usually give good results (Ramoni et al., 2002 ) is the
In this study, the so called objects used to generate the clusters are time series of monthly storage. Because some of these signals contain significant noise that can disrupt the 50 clustering algorithm, it is useful to reduce the noise prior to computing the clusters. To this end, the use of a waveletdenoising approach is a better option compared to other classical methods, such as Fourier Analysis (Chou, 2011) .
The signal decomposition is achieved by applying a Dis-55 crete Wavelet Transform (DWT), which consist of a digital filtering process through time-domain that allows high and low frequencies to be separated from the original signal. In this process, two complementary filters (low pass, h [.] , and high pass filter, g [.] ) are applied to the original signal, result-60 ing in two signals for each level: Approximations (APP) and Details (DET). The APP contains the high-frequency components of the signal and DET the low-frequency components. The h [.] and g [.] filters are the only elements necessary to calculate a DWT of a signal.
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These filters are defined according to the chosen mother wavelet (ψ) which, in turn, depends on the data being analyzed. A common choice in many hydrologic studies is the Daubechies wavelet transform (Ramana et al., 2013; Nalley et al., 2012; Wei et al., 2012) because of its ability for denois-70 ing singals and its intrinsic features that make it capable of localizing events in time-dependent signals (Popivanov and Miller, 2002; Vonesch et al., 2007) . Following the choice of past studies (Nalley et al., 2012; Wei et al., 2012) , we used the Daubechies wavelet with order N=5 (db5) to decompose 75 the signals (Fig. S5) . Based on the number of vanishing moments (ν) of db5 and the number of data points (n), the maximum decomposition level (L) is 5 (de Artigas et al., 2006) , thus, we adopted L= 5. We used the Multilevel 1-D wavelet decomposition function from the Matlab Wavelet Toolbox to 80 perform the DWT of the signals of monthly storage time series.
S5 Results
S5.1 Trends in TWS and SMS
The trends in GRACE TWS and soil moisture storage (SMS) 85 are shown in 
S5.6 Spatial analysis of precipitation anomaly
The distinct responses shown in Section S5.5 are, in part, explained by the spatial patterns of precipitation that occurs in the study area. Fig. S17 shows maps of annual rainfall 10 anomaly (P anom ) relative to the analyzed years in this study. As mentioned in the manuscript and showed in Fig. S16 , one major reason for the depletion of a greater number of reservoirs during the 2014 drought is the greater extents of negative rainfall anomaly over PB, mainly in the mid-east part 15 (Tietê and Rio Grande sub-basins) where a P anom ∼ −50 %.
S5.7 Natural and human-controlled variables
The natural discharge was estimated as the difference between total inflow and outflow from the upstream reservoirs. The main limitation to such approach is that the available 20 records of reservoirs outflow are in daily basis and, as the distance between upstream and downstream dams grows, the greater is the difference between the discharge registered on the upstream dam and the actual discharge arriving at the downstream reservoir. For example, there are ∼ 190 km be-25 tween the Marimbondo dam and Água Vermelha reservoir, which implies that there is actually no accurate data of how much of the total inflow in Água Vermelha corresponds to the outflow from Marimbondo. For those reservoirs located downstream to other dams, we applied the moving aver-30 age of discharges (total inflow, outflow from upstream) to reduce the differences caused by such lag time and, then, estimate the natural component of the total inflow (Q nat ). There were some situations in which we only analyzed the SDI relative to the total inflow: a significant difference be-35 tween total inflow (Q in ) and outflow from upstream (Q up ) was detected; there is insufficient data to compute SDI relative Q nat ; Q in = Q nat . The following figures are provided to complement the discussion provided in the Results section of the main manuscript. Plots of monthly storage, SPI, SDI or 40 discharge are provided for 36 reservoirs and the Cantareira equivalent system. 
